The Gorkha earthquake (Nepal, 2015, M w 7.9) triggered many landslides. The most catastrophic mass movement was a debris avalanche that buried several villages in the Langtang valley. In this study, questions are raised about its volume and initiation. I investigate the possibility of high-resolution digital surface models computed from tri-stereo SPOT6/7 images to resolve this issue. This high-resolution dataset enables me to derive an inventory of 160 landslides triggered by this earthquake. I analyze the source of errors and estimate the uncertainties in the landslide volumes. The vegetation prevents to correctly estimate the volumes of landslides that occured in vegetated areas. However, I evaluate the volume and thickness of 73 landslides developing in vegetated-free areas, showing a power law between their surface areas and volumes with exponent of 1.20. Accumulations and depletion volumes are also well constrained for larger landslides, and I find that the main debris avalanches accumulated 6.95 × 10 6 m 3 of deposits in the valley with thicknesses reaching 60 m, and 9.66 × 10 6 m 3 in the glaciated part above 5000 m asl. The large amount of sediments is explained by an initiation of the debris avalanche due to serac falls and snow avalanches from five separate places between 6800 and 7200 m asl over 3 km length.
Background
The Gorkha earthquake (M w 7.9) of April 25, 2015, triggered many catastrophic landslides and avalanches. Two separate teams, one led by the University of Arizona (Kargel et al. 2015) and the other led by the British Geological Survey (BGS) and Durham University, mapped more than 4000 landslides in the weeks following the earthquake in a collaborative work that focused on the rapid evaluation of the earthquake aftermath.
1 These inventories show landslides of relatively small size and few river dams, compared with other recent earthquaketriggered landslides of similar magnitude in Pakistan (Owen et al. 2008) or in China (Gorum et al. 2011) , or after medieval earthquakes in the same area (Schwanghart et al. 2015) . Reasons for this small number of landslides are still in debate. One can conjure up the ground motion intensity, an important parameter in the landslide triggering (Meunier et al. 2007 (Meunier et al. , 2008 Lacroix et al. 2015) , that was possibly smaller for the Gorkha earthquake than for previous large himalayan earthquakes, due to the steady rupture velocity (Grandin et al. 2015; Galetzka et al. 2015) or the deeper source compared with other recent himalayan earthquakes that broke the surface.
The largest and most destructive landslide triggered by the Gorkha earthquake occured in the Langtang valley (Collins and Jibson 2015; Kargel et al. 2015) , where the shaking triggered a debris avalanche composed of ice, snow and soil, burying several villages, and killing at least 350 people (Kargel et al. 2015) . This avalanche also dammed the river for few days and destroyed a large part of the valley due to the air blast produced by the avalanche (Kargel et al. 2015) . Volume of this avalanche is unknown, whereas it would be of large interest to constrain the mass budget of this earthquake. Indeed, landslides participate to the general erosion budget, and question was raised whether large earthquakes create or destroy topography (Parker et al. 2011; Molnar 2012) . The answer to this question is far from trivial, as the volume estimation of landslides is most of the time estimated by statistical relationships between surface and volume, and not directly measured (e.g., Parker et al. 2011) . Errors can come from the uncertainties in the empirical law used (Larsen et al. 2010) , as well as the definition of the surface used . Other options to constrain the landslide volumes include (1) field measurements of the characteristic dimensions of landslides, including depth (e.g., Ohmori 1992), (2) difference of pre-and post-failure 3D topography (e.g., Kerle 2002; Martha et al. 2010) , and (3) inversion of deformation data on slow-moving landslides (e.g., Booth et al. 2013) .
The 3D topography difference has been previously applied to estimate volumes of landslides using either very-high-resolution Lidar images (e.g., Chen et al. 2006) , or stereo images of optical satellites. For instance, SPOT5 (Tsutsui et al. 2007) or CartoSat-1 (Martha et al. 2010) images with 2.5-m resolution have been used to derive digital surface models (DSM) before and after two large landslides. Lidar data have the advantage of a better precision compared with the satellite DSMs but are rarely available before and after a rapid event. Remote sensing images, on the contrary, are acquired with an increasing frequency, improving the chance to get pre-event stereo images.
Previous studies showed that DSMs produced with SPOT5 satellites display 4-to 10-m uncertainties depending on the slopes (Tsutsui et al. 2007) . These numbers limit the use of DSMs from satellites to the volume estimation of deep-seated and large landslides. However, the increasing resolution of satellites and the better gyroscopes onboard enable now to produce DSMs with better uncertainties. For instance, DSMs produced with the Pléiades satellites (70 cm of resolution) have 70 cm-3 m uncertainties on urban-free and vegetation-free terrains depending on the slope gradient and the acquisition parameters (Berthier et al. 2014; Stumpf et al. 2014; Lacroix et al. 2015; Heijenk 2015) . Therefore, these new satellites can provide sufficient resolution to estimate the volumes of landslides of smaller size. The recently launched SPOT6/7 satellites present the advantages of a very high resolution (1.5 m), good steering capabilities (tri-stereo mode), and a large footprint (120 × 60 km) that make them very much suitable for hazard studies over a large area, typically the study of landslides triggered by a large earthquake.
Here, I use these tri-stereo SPOT6/7 data to build a preand post-Gorkha earthquake topography of the Langtang valley. I use this dataset to study the landslides triggered by this earthquake. In particular, I show the possibility to retrieve landslide volumes even of small size, and study volumes and initiation processes of the main avalanche.
Methods

Study area
The Langtang valley is a touristic area situated in the high Himalayan range, 60 km north of Kathmandu (Fig. 1) . The valley at 3000 m asl is surrounded by high peaks that culminate with the Langtang Lirung at 7227 m. This large denivelation creates steep slopes (median slope of the area is 41°), prone to landslides. The monsoon in the Langtang valley brings about 80 % of the annual precipitation, between June and September. The intense monsoon rain is the main triggering factor of landslides causing approximately 80 casualties per year over the all Nepal (Petley et al. 2007 ).
In the vicinity of the Langtang valley, it has been shown that erosion is dominated by few major landslides (Gallo and Lavé 2014) and debris flows (Burtin et al. 2009 ). Rainfall has been pointed out in the development of these mass movements (Upreti and Dhital 1996; Petley et al. 2007) , with the existence of threshold of rainfall intensity in the landslide triggering (Gabet et al. 2004; Dahal and Hasegawa 2008; Burtin et al. 2009 ). The impact of earthquakes on the landslide triggering has little been explored in Nepal, until the Gorkha earthquake (Kargel et al. 2015) . The Langtang valley is situated just above the fault ruptured by the Gorkha earthquake (Fig. 1, inset) .
DSM generation
To derive a landslide inventory and estimate their volumes, two tri-stereo SPOT6/7 images were acquired on the Langtang valley over an area of 100 km 2 (Table 1) . Resolution of these images is 1.5 m. Based on these tri-stereo images, a DSM is reconstruct in April 2014 and another one in May 2015, 15 days after the Gorkha earthquake. The DSMs were computed using the NASA open source software Ames Stereo Pipeline (Broxton and Edwards 2008) . This software was first developed for planetary purposes, but recent developments make it now suitable for computing DSMs on Earth with Astrium and Digital Globe images. Each image is first map-projected using the low-resolution SRTM DSM. Then, the different images are bundle-adjusted based on automatically extracted tie points, before finding the disparities between each pair of the tri-stereo. This solution provides better results on the steep slopes of our area, than searching directly the disparities without first map projecting the images. Finally, the triangulation step, which is finding the intersection between all the rays coming from the homologous points, is realized jointly with all the three images. Intersections with errors larger than 1 m are excluded. This steps leads to a point cloud of the surface topography, which is then converted onto a grid regularly spaced every 4 m, that is, approximatively three times the initial satellite resolution.
The B/H parameter (ratio between the acquisition baseline and the satellite height) is a key parameter to reconstruct the topography (Toutin 2002 ) that has been found to be optimum around 0.3 for Pléiades, another Astrium satellite (Heijenk 2015) . Larger values lead to both many gaps in steep terrains and larger uncertainties. Lower values lead also to large uncertainties due to almost similar views of the topography. The tri-stereos used here (Table 1) present optimal B/H for simultaneous pairs (around 0.3). These tri-stereos are therefore optimal for both avoiding the gaps and minimizing the DSM errors.
Landslide inventory, this study BGS landslide inventory The inset shows the general situation of the valley located over a map of the crustal deformation generated by the Gorkha earthquake [adapted from Kobayashi et al. (2015) ]. The colorscale for the inset is different than for the main map 
Error estimation
No ground control points (GCP) were used to derive the DSMs. This can lead to horizontal and vertical bias of a few meters. In the case of DSMs computed with the Pléi-ades satellite (another Astrium satellite, with same quality of the rational polynomial coefficient than SPOT6/7) without any GCP, this bias is lower than 5 m in each direction (Lacroix et al. 2015) , but has no impact on the relative errors of the DSMs (Stumpf et al. 2014; Lacroix et al. 2015) . However, while comparing two DSMs, even small horizontal and vertical shifts can lead to false alarms of volume changes mostly on steep slopes. These shifts must therefore be corrected. I use the method of Berthier et al. (2007) Fig. 1 . Errors of the DSMs are then estimated using the relation between the standard deviation of a single DSM and the DSM difference (dDSM), assuming the two DSMs have a similar uncertainties (Lacroix et al. 2015 ):
Using Eq. (2), I estimate the errors as a function of the slope gradient (Fig. 2) , on slopes below 4500 m asl (no snow cover on the satellite images), not affected either by landslides or by the avalanche air blast (see "Results and discussion" section).
Landslide inventory
An expert landslide detection is realized based on four types of data: (1) a comparison of the pre-and postorthorectified panchromatic image, (2) the high-resolution DSM from 2014, (3) the slopes derived from this DSM, and (4) the height changes between 2014 and 2015.
Polygons were drawn that include the initiation area, the propagation path, and the accumulation area. Four characteristics of each landslide are computed: (1) the total surface area A t , (2) the depletion area A d , which is the surface area of the landslide presenting negative heights between 2014 and 2015, (3) the volume loss V, which is the sum of negative heights over A d , and (4) the
mean depth D, calculated as the mean of the heights over A d .
Uncertainties associated with the volumes are estimated by considering that the errors of dDSM follow a normal distribution of mean μ and standard deviation σ that depend on the slope gradient (see "Error analysis" section; Fig. 2) . Therefore, their sum has an associated uncertainty that also follows a gaussian of mean µ and variance σ 2 . The volumes are first corrected from the slope dependence of the bias. Then, the confidence interval of the volume is defined between
Results and discussion
Error analysis
The DSM errors follow a Gaussian function with mean and variance varying with the slope gradient. The mean errors are found to vary from 0 m on flat terrains to −0.9 m on slopes of 80° (Fig. 2) . The uncertainties vary from 1.3 m on flat terrains up to 9 m on slope gradients of 80° (Fig. 2) . This shows a DSM uncertainty approximatively equal to 1 pixel size on flat terrains, which is also consistent with previous estimations using the Pléiades satellites (Berthier et al. 2014; Lacroix et al. 2015) , the ASTER GDEM (Toutin 2002 ) and the SPOT5 satellite (Toutin 2002; Berthier et al. 2014; Tsutsui et al. 2007) . Figure 2 shows a local maximum for slope gradients between 10° and 30°. These slopes correspond to areas (3) The uncertainties on vegetated areas increase due to problems of stereo-photogrammetric modeling (Stumpf et al. 2014) . (4) Finally, the errors are estimated by differentiating two DSMs realized with sets of images of different viewing angles (Table 1) . This leads to difference of DSM reconstruction and therefore to larger uncertainties on their difference.
Landslide inventory
One hundred and sixty mass movements were detected, including rockfalls, soil slides, debris avalanche, and serac falls. This inventory compares very well with the BGS landslide inventory. Indeed, only six landslides over the 62 detected by the BGS in the area were not detected in this study. I found 102 more landslides here, mostly in the central part of the studied area. This cannot be easily explained as no clouds were reported in the images used by the BGS and many landslides are large enough to be detected by images of smaller resolutions. I checked the hypothesis that parts of these landslides have been triggered before the earthquake. Indeed, the images used here span 1 year between April 21, 2014, and May 10, 2015, including the 2014 monsoon. Nevertheless, a check on Google Earth with satellite images taken in November 09, 2014, and January 21, 2015, confirms that all the 160 landslides detected except two of them were triggered after the 2014 monsoon. Moreover, testimonies provide evidences that the main landslides were triggered during the earthquake (Kargel et al. 2015) . Therefore, it is highly probable that almost all the mapped landslides were triggered by the Gorkha earthquake. , that is, 1/12th of the total studied area. The probability distribution function of their surface area is computed following Malamud et al. (2004) (Fig. 4a) . This distribution displays a power-law relation for surface areas >3000 m 2 , with an exponent of 2.2, close to values found for other inventories (e.g., Stark and Hovius 2001; Malamud et al. 2004 ). The altitude of initiation of these mass movements ranges between 2100 m and 7200 m, with a median at 3390 m. The slope of initiation ranges between 15° and 82° with a median at 47°. This median value is slightly larger than the median of the slopes available on the area (41°), showing the effect of the slope gradient on the landslide triggering (e.g., Lacroix et al. 2013 ).
The mapped landslides match with areas displaying a clear loss of altitude in between 2014 and 2015 (Fig. 1) . The mean depth D is often >10 m, even for small landslides, which is unlikely. Landslides of large thickness are found to occur in vegetated areas with mostly tall trees. The distributions of D for landslides in vegetated (57 landslides) and in non-vegetated areas (73 landslides) are computed (Fig. 3) . Thirty landslides have not been classified, since they are either very specific (e.g., debris avalanches) or the level of vegetation is too difficult to state. The mean depth distribution clearly shows that the DSM difference on landslides developing in vegetated areas is controlled by the loss of vegetation and not the landslide thickness (Fig. 3) . Nevertheless, on bare soil areas, the landslide thickness is not affected by vegetation and can be estimated. This mean thickness is varying between 40 cm and 12 m. Different authors found a power-law relation between surface area and mean depth (e.g., Larsen et al. 2010) . It is, however, difficult to check the validity of the power-law relation on the presented dataset, due to the small number of landslides in our database (73), the large uncertainties on the depth, and the scattering of the data.
The retrieved volumes of the 73 landslides occurring in vegetation-free areas are varying between 120 and 1.99 × 10 5 m 3 (Fig. 4b) . Their uncertainties are below 20 % for all the landslides except for nine of them, reaching a maximum of 68 % for small landslides. The volumearea relation is classically much less scattered than the thickness-area relation (e.g., Whitehouse 1983; Hewitt 2002; Hovius et al. 1997; Korup 2006; ten Brink et al. 2006; Larsen et al. 2010 , Klar et al. 2011 . Exponents of this power law are varying depending on the landslide material (Larsen et al. 2010 ), between 1.1 for soil slides and 1.6 for rockslides. In the inventory derived here, this relation can be fitted with a power law over more than two orders of magnitude, with an exponent equal to 1.20 (Fig. 4b) , similar to what has been found for soil-based landslides (Larsen et al. 2010) . This is in good agreement with in situ observations showing slides involving weak soils and unconsolidated glacial debris (Kargel et al. 2015) . The exponent of the power law is >1, meaning that the mean depth is increasing with the surface area, which is in good agreement with previous observations (e.g., Larsen et al. 2010 ) and landslide models (Klar et al. 2011 ). This latter conclusion shows that the volume and mean depth estimation of small landslides is possible in areas not covered by vegetation, which was previously limited to large (>10 5 m 3 ) landslides only.
Avalanche analysis
The difference of DSMs clearly reveals the main avalanche, which filled the valley floor and buried villages (Figs. 1, 5 ). The dDSM also shows that north-facing slopes situated on the opposite side of the avalanche path lost more than 15 m of altitude (Fig. 5a ). This is caused by the air wave pressure of the avalanche that destroyed all the trees over an area of 3 km 2 (Kargel et al. 2015) . This shows that in this area the DSM estimates the forest canopy and not the soil surface.
A comparison of the 2014 and 2015 DSMs and orthoimages shows that this avalanche initiates from five different points and mobilized part of the path toward the valley. One snow avalanche was triggered from the summit of the Langtang Lirung peak, at 7200 m asl (noted 1 on Fig. 5a ). The snow cover involved has a mean thickness of 14 m. This shows that the ice was perhaps also mobilized here. The orthophotos from 2014 to 2015 show that this surface of rupture did not reach the bedrock. This suggests that a fragile layer might exist in the ice or in the firn.
The main initiations occur along the ridges on the West of the main peak, over a length of almost 3 km at altitudes ranging between 6800 and 6900 m asl (noted 3, 4, 5 in Fig. 5 ). The avalanches clearly mobilized the whole snow and ice cover thickness, as bare rock is striped down. The visual inspection of the satellite images clearly reveals that snow and glacier surfaces were recovered by rock debris on the avalanche path. It is, however, unclear how much rock was mobilized in the area of initiation. Finally, a serac falls initiated at a lower altitude on the slopes below the main peak (noted 2 in Fig. 5 ). All the places of initiation occur therefore close to ridges or area of strong convexity, which is consistent with a triggering due to topographic amplifications of the seismic waves (Meunier et al. 2008; Maufroy et al. 2014 ).
This analysis reveals that depletion areas are situated on ice and snow cover. This is also in good agreement with field observations showing that more than half of the deposits in the valley were ice (Kargel et al. 2015) . This debris avalanche is therefore a classical mass movement observed in high mountain environment in earthquaketriggered conditions (e.g., Plafker et al. 1971) , emphasizing the large instability of ice cover and the mobility of slopes covered by snow.
The DSMs comparison reveals that the deposits on the valley floor reach 6.95 ± 0.01 × 10 6 m 3 , with a maximum thickness of 60 m (Fig. 5d) . These numbers are thus four times larger than firstly estimated on the field (Collins and Jibson 2015) . The DSM comparison also shows that many accumulations occured along the avalanche path (Fig. 5a, c) . Integrating the volumes along the path shows the five avalanches accumulated 16.61 ± 0.04 × 10 6 m 3 of debris, 2.4 times more than the valley floor deposits only. These volumes are in the lower range of similar events (Plafker et al. 1971; Hungr and Evans 2004; Huggel et al. 2005) , where debris avalanche composed of a mixture of ice, snow, and rocks is between 10 × 10 6 and 100 × 10 6 m 3 . The total volume depleted by the avalanche is 14.38 ± 0.03 × 10 6 m 3 . Compared with the 16.61 × 10 6 m 3 accumulated, it shows that the deposits gained 15 % in volume during the flow. It is lower than previously estimated for other mass movements. For instance, Hungr and Evans (2004) used a volume gain of 25 %, for rock avalanches. I reckon the lower number found here is due to the large presence of ice in the avalanche (Kargel et al. 2015) .
The total initial volume of the different avalanches is 8.44 ± 0.01 × 10 6 m 3 . Therefore, the entrainment ratio (ER) of this avalanche, defined as the volume of debris entrained from the path and the expanded volume of avalanche produced by the initial failure (Hungr and Evans 2004) , is found to be 0.84 (using a fragmentation ratio of 15 %). This number is in the lower range of ER found for other debris avalanches, showing ER between 0.3 and 2.8 (Hungr and Evans 2004; Tsutsui et al. 2007 ). This shows that even if the initiation slopes were really unstable, the slopes on the path were not.
The total volume eroded in this all valley is obtained by summing the landslide and the avalanche contributions. The volumes of the landslides occurring in vegetated areas can be estimated using the relation of The vulnerability analysis shows that most of the houses destroyed by the debris avalanche were settled down recently due to a rapid touristic expansion of the valley. Older houses were situated originally slightly upper in the valley. They were not covered by the deposits but wiped out by the avalanche air blast. This shows both that avalanches reaching the valley might already have occured in the same area, but also that their intensity has never been so strong for long time. 
Conclusions
The comparison of two high-resolution DSMs acquired at 1-year interval highlights the processes involved in the triggering of mass movement due to the Gorkha earthquake in the Langtang valley. One hundred and sixty mass movements were detected, covering 1/12th of the studied area. The hot spot of this mass-movement distribution is a debris avalanche composed mostly of ice, which mobilized 14.38 × 10 6 m 3 of material, and accumulated a volume of 6.95 × 10 6 m 3 in the valley. This analysis shows the high mobility of the ice ridges but a small entrainment of the slopes in the avalanche path.
Based on this coseismic landslide inventory realized over 100 km 2 only, it is, however, hard to conclude on the total erosion budget and the topography building of the Gorkha earthquake. Indeed, Kargel et al. (2015) show that the affected surface is larger than 55,000 km 2 . Moreover, Elliott et al. (2016) show that the high Himalayas is affected by subsidence during the earthquake, so that the topographic building can only be evaluated over the long term. Finally, the rates of erosion in the following years after earthquakes are often higher than before, due to destabilization and damaging of the slopes during the shaking . In the future, it will therefore be important (1) to estimate the erosion budget of landslides over larger areas and (2) to monitor and quantify the volumes of landslides during the next few years after the earthquake. The SPOT6/7 satellites are highly recommended to realize this work due to the simultaneous good DSM uncertainties obtained with tri-stereo images and their large footprints.
